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Abstract 
Quantitative phase imaging (QPI) is an emerging imaging modality that has attracted 
significant interest in the past decade. Built upon the principle of interferometry, QPI measures 
the difference in optical path-length as the intrinsic contrast mechanism; it images mostly 
transparent, in vitro objects such as cells and tissue. This label-free capability makes QPI a 
unique tool for long-term imaging that is increasingly used in neuroscience. With the help of 
QPI, many experiments are implemented, and huge amount of image data are collected. For 
those experiments which focus on the dry mass change of neurites, an automated detection 
and analysis method is needed to quickly process the data. CT-FIRE is an existing MATLAB 
software that can extract neurites in an image automatically and collect the statistic 
information of those neurites. However, it requires manual parameter inputs and manual data 
collection. 
My method is based on the dataset of the experiment on how the dry mass of neurons 
changes after traumatic injury in different environments. For different input images, it will 
dynamically select the input parameter for CT-FIRE. After CT-FIRE completes, it will collect 
output from CT-FIRE and calculate the average dry mass for the entire dataset. It will filter out 
false detection from CT-FIRE. In addition, given the location of cell bodies, it will collect all 
neurites attached to the cell bodies and analyze their average dry mass. With the help of this 
automated process, all datasets are analyzed without any manual input. 
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1. Introduction 
In the developing central nervous system, the network structure is a highly complex and poorly 
understanding process. Neurons communicate through the connection between them, which consists of 
a complex system of neurotransmitters, cytokines and peptides. All cognitive functions such as memory 
and learning are based on the communications between neurons. Thus, understanding the stabilization 
of neural network is important in the study of neuroscience [1]. 
Fluorescence imaging is a technique that can be used to track the neural network. It requires 
dyes to go into the neuron samples so that the target can be visible. However, because the chemicals 
used are toxic, it might affect the neural network negatively and thus cannot be used in an experiment 
of long duration [1]. 
Quantitative phase imaging (QPI) is an emerging imaging modality. Instead of measuring the 
intensity of light, it measures the phase shift when the light wave travels through the object. Because it 
is quantitative, it can provide the information about dry mass of the measured object. In addition, it has 
nanoscale sensitivity and is label-free and non-invasive [2], [3], and it is very popular in a big range of 
applications, such as dynamics of single cells, medical diagnosis, and neuroscience [4]-[11]. 
Because of the benefits provided by QPI, in the study of neuroscience, many experiments are 
conducted and many images collected. Because the manual processing of an image takes a lot of time, it 
is impossible to analyze all the images manually. In this project, we design a procedure that 
automatically extracts the neurites from the images and analyzes the change of their dry mass. With this 
procedure, no manual input is required, and it makes the analysis process efficient and convenient for 
the neuroscience researchers. 
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2. Methodology 
2.1 Spatial Light Interference Microscopy (SLIM) 
Spatial light interference microscopy (SLIM) is a QPI system based on the Zernike microscope 
[4]. Figure 2.1 shows a SLIM system schematic. With introduced phase delay at the output of a phase 
contrast microscope, it acquires 4 intensity images with different delays and produces a quantitative 
phase image that is uniquely determined [4], [12]-[16]. 
 
2.2 CT-FIRE 
CT-FIRE (curvelet transform - fiber extraction) [17] is a software developed by researchers at the 
University of Wisconsin - Madison. It accepts 8-bit greyscale images of tissue as input and automatically 
extracts individual collagen fibers from images. 
This algorithm contains two steps. The first step is curvelet transform (CT). This is to enhance 
fiber structures and to produce the best fiber extractions. The second step is fiber extraction (CTFIRE). It 
will first apply a threshold to form a binary image. In the binary image, foreground pixels represent 
Figure 2.1 SLIM system schematic 
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potential fibers, while background pixels represent no fiber present. Next, it creates a list of nucleation 
points by choosing the foreground pixels that have the largest distance to the nearest background 
pixels. Nucleation points are connected to form fibers. Short fibers are removed, and closely associated 
fibers are linked [17]. 
After the software ends, it outputs a list of fibers and their information, which includes length, 
location, direction and curvature. 
2.3 Neuron Images 
Neuron images processed in this project come from two experiments. In both experiments, 
neuron samples are treated with different temperature or temperatures. Then, force is applied to the 
samples to simulate brain injuries in a car accident. 
The first experiment focuses on the effect of different temperatures. Neuron samples are placed 
in 3 different temperatures: 14 °C, 34 °C and 37 °C. Images of the samples are taken before applying the 
force, and at 12 hours and 24 hours after applying the force. When taking the images, each sample will 
be imaged by a SLIM system to produce a 25x25 image grid. This will be treated as one dataset. This 
experiment consists of 9 datasets, with a total of 5625 images. 
The second experiment focuses on the effect of different chemicals. Neuron samples are treated 
with 3 different chemicals: DHA, DHEA and AA. Images are taken before applying the force, and at 20 
hours and 48 hours after applying the force. Each sample will be imaged to produce a 10x10 image grid. 
This experiment consists of 54 datasets, with a total of 5400 images. 
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3. Procedure 
3.1 Analyzing Average Dry Mass of All Neurites 
Given the SLIM images from the experiment, the analysis of average dry mass of all neurites 
requires many different steps. Figure 3.1 represents the procedure from the initial SLIM images to the 
results of the average dry mass of all neurites. Because the number of input SLIM images is huge, any 
manual input required in the procedure will decrease the efficiency significantly. This procedure (Fig. 
3.1) does not require any manual input, which means the computer can finish the analysis without any 
manual effort. 
 
3.1.1 Converting Into 8-bit Image 
The initial SLIM images (Fig. 3.2a) are phase images, where each pixel is represented by a float 
number ranging from -  to . We will downsample them to 8-bit greyscale images (Fig. 3.2b), where 
each pixel is represented as an integer from 0 to 255. In the mapping, pixel value -0.3 in SLIM images will 
be set to 0 in 8-bit images, and pixel value 0.7 in SLIM images will be set to 255 in 8-bit images. All pixel 
values in between -0.3 and 0.7 will be set linearly from 0 to 255. All pixel values lower than -0.3 will be 
set to 0, and all pixel values higher than 0.7 will be set to 255. This conversion allows the later 
processing of selecting thresholding value and applying CT-FIRE. 
Original 
SLIM Image 
Convert into 
8-bit Image 
Select 
Threshold Value 
CT-FIRE 
Calculate Dry 
Mass 
Threshold Final 
Result 
Figure 3.1 Flowchart of procedure 
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3.1.2 Selecting Threshold Value 
CT-FIRE requires a few input parameters, of which threshold value is the most important. 
Thresholding is a method of segmentation; it separates the background from the objects. Threshold 
value determines if the pixel belongs to the background or the object. The thresholding output is a 
binary image (Fig. 3.3a), where all pixels with values larger than the threshold value are considered as 
objects and represented with white, while all pixels with values smaller than threshold value are 
considered as background and represented with black. The selection of threshold value is important. A 
good threshold value (Fig. 3.3a) correctly separates the object from the background. A low threshold 
value (Fig. 3.3b) creates a lot of noise, which will fail the CT-FIRE in the next step. A high threshold value 
(Fig. 3.3c) causes the output image to lose a lot of information. Normally, a good threshold value can be 
acquired manually, by repeatedly trying and checking. Since the input size is too large, it is impossible to 
get the value manually. 
Figure 3.2 (a) Initial SLIM image (b) downsampled 8-bit greyscale image 
a) b) 
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A good threshold value depends not only on the object itself, but also on the setting of the 
microscope when the image is taken. Therefore, a static value cannot be a good threshold value. In this 
project, we use a modified Yen’s thresholding method. Yen’s method is an automatic multilevel 
thresholding method. It is based on the consideration of two factors — discrepancy between the 
thresholded and original images — and the number of bits required to represent the thresholded image. 
The cost function is proved to have a unique minimum under different conditions [18]. This method is 
very effective at obtaining a good threshold value. 
a) 
Figure 3.3 (a) Applied with good threshold value. (b) Applied with low threshold value. 
(c) Applied with high threshold value. 
b) c) 
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Although Yen’s method works on most of the input images, we found out that there exist some 
images for which Yen’s method does not work. Based on the observation, those images have similarities. 
They either contain too many cell bodies and complicate neurite structures (Fig. 3.4a) or too few cell 
bodies or neurites (Fig. 3.5a). In both cases, the number of bright pixels is either too high or too low. As 
a result, Yen’s method tends to give either higher or lower threshold value. Since the input images are 
provided as datasets, where each dataset contains 10x10 images or 25x25 images, know that in each 
dataset, all the images are taken using the same microscope setting. We also know that all the images in 
a dataset come from one neuron sample. Therefore, instead of applying Yen’s method on single image 
(Fig. 3.4b, 3.5b), we apply Yen’s method on one dataset, and use the same threshold value on all images 
in that dataset (Fig. 3.4c, 3.5c). This ensures the CT-FIRE output will be consistent in a dataset. 
 
a) 
Figure 3.4 input image with big cell body. (a) Original input. (b) Thresholding with value 
calculated from this image. (c) Thresholding with same value calculated from the dataset. 
b) c) 
8 
 
 
3.1.3 Applying CT-FIRE 
 After selecting a good threshold value and all other parameters, CT-FIRE is applied on all images 
to locate and extract individual neurites (Fig 3.6). For each neurite, CT-FIRE assigns a unique index to 
that neurite and records the location of all pixels that belong to that neurite.  
 
a) b) c) 
Figure 3.5 input image with few neurites. (a) Original input. (b) Thresholding with value 
calculated from this image. (c) Thresholding with same value calculated from the dataset. 
Figure 3.6 CT-FIRE output 
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3.1.4 Calculating Average Dry Mass 
For each neurite, we extract all the pixels that belong to that neurite. Then, based on the 
location of those pixels, we find out the corresponding pixel value in the SLIM images, and then take the 
average of all pixel values, which gives us the average phase value for a neurite. Then, for all neurites, 
we repeat the process and calculate the average phase value for that dataset. Since the dry mass is 
proportional to the phase value in the SLIM image, we can calculate the total dry mass using Equation 
3.1. 
𝑀 =
λ
2πα
∬ ϕ (x, y) dxdy
𝐴
 
(3.1) 
 
Total dry mass of the neurites is the integrated phase value over the neurites surface area, and 
then scaled by the constant [4]. In the constant, α is the refraction increment (unit: ml/g). Then the 
average dry mass can be calculated by dividing total dry mass by the total area of the neurite. 
3.1.5 Thresholding Output Results 
CT-FIRE works properly most of the time if the input parameters are correct. However, CT-FIRE 
sometimes fails (Fig. 3.7a) when neurites die and break into many pieces, or contamination happens and 
is captured in the images. This circumstance can be found in the image 48 hours after the impact. In this 
circumstance, many neurites are falsely picked up, but they are supposed to be background. These 
neurites have relatively low average dry mass. In order to increase accuracy, we decided to apply 
threshold on the result, which will get rid of all neurites that have average dry mass lower than 0.0005pg 
(Fig. 3.7b). 
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3.2 Analyzing Average Dry Mass of Neurites Attached to Cell Bodies 
After the analysis of the average dry mass of all neurites, only requires a few more steps are 
required to finish the analysis of the average dry mass of neurites attached to cell bodies. For all 
datasets, we are given the masks of the cell bodies (Fig 3.9a). Figure 3.8 represents the procedure of the 
analysis. 
 
3.2.1 Finding Bounding Box of Cell Bodies 
First, we find the bounding box (Fig 3.9b) of the mask. Then, we get rid of the cell bodies that 
are too close to the edge. This is because if the cell body is at the edge of the image, then the neurites 
that attached to this cell body may not stay inside of this image. This step ensures the accuracy of the 
result. 
Figure 3.7 CT-FIRE output 
a) b) 
Apply 
Threshold 
Masks of cell 
bodies 
Find 
bounding box 
Extract neurites 
attach to cell bodies 
Figure 3.8 Flowchart of Procedure 
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3.2.2 Extracting Neurites Attached to Cell Bodies 
 For each neurite, we check if some of its pixels are inside one of the bounding boxes, and some 
are outside of the same bounding box. If this is the case, then we label it as a neurite that attaches to a 
cell body. We repeat this process for all neurites and collect all neurites that attach to the cell bodies 
(Fig 3.9c). 
 
  
Find the 
bounding box 
a) b) 
Figure 3.9 (a) Mask of cell bodies; (b) Bounding boxes of cell bodies 
c) 
Figure 3.9 (c) Neurites attached to cell bodies 
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4. Results 
4.1 Change of Dry Mass When Treated with Different Temperatures 
From Fig. 4.1, we can conclude that neurites preserve dry mass at lower temperature. The 
reason why dry mass increases at 37 °C is that at 37 °C, all organisms grow, including bacterial and 
damaged neurites. This could be an indication that after the car accident, it is better to put the patient in 
a cooler environment. 
 
4.2 Change of Dry Mass When Treated with Different Chemicals 
From Fig. 4.2, we can conclude that there is no significant dry mass change when we treat them 
with three different chemicals. 
  
Figure 4.1 Dry mass change treated with different temperatures 
Figure 4.2 Dry mass change treated with three different chemicals 
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5. Conclusion 
With the help of quantitative phase imaging (QPI), many experiments are conducted, and huge 
amount of image data are collected. It is impossible for people to process all the data manually, and 
statistical analysis would be impossible without the automation. It is necessary to have an automated 
software that can process the image data both accurately and efficiently. 
In this project, we design an automated software that accepts SLIM image datasets and 
successfully analyzes the change of dry mass of neurites. It achieves the goal that no manual input is 
needed, and the output result is accurate. 
Although this project is complete and achieves its goal, many improvements can be made. First, 
CT-FIRE can identify all neurites and label all of them, but most of the time, it will break a long neurite 
into many small pieces. This is not an issue in this project, since we are only interested in the average 
dry mass of neurites. However, if there is a way to merge all those small pieces into one long neurite, 
then we can analyze the average length of all neurites, which is also another important task in the study 
of neuroscience. 
Another improvement is that for now, this automated software cannot pick up all the neurites 
attached to the cell bodies. The first reason is that because the neurites are broken into small pieces by 
the output of the CT-FIRE, only the pieces that are closest to the cell bodies are picked up, while the rest 
are not. This can be solved if the first improvement is achieved. In addition, not all neurites attached to 
the cell bodies will lie inside the bounding box of the cell bodies. Some of them are relatively far away 
from the cell bodies, and thus not picked up by this automated software. If we can study the direction of 
the neurites and compare the distance between the start of neurites and the center of cell bodies with 
the distance between the end of neurites and the center of cell bodies, this would give us information 
14 
 
about the direction of neurites with respect of the cell bodies and may be able to improve the detection 
of the neurites attached to the cell bodies. 
Furthermore, we can investigate what has been done inside the CT-FIRE. For now, we only use 
CT-FIRE as “Blackbox”. We fully studied its features, but never looked into it. If we can fully understand 
CT-FIRE and make some modifications, then maybe it can extract more useful information about the 
structure of neurons. 
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